What determines soil organic carbon stocks in the grazing lands of north-eastern Australia? by Allen, D. E. et al.
What determines soil organic carbon stocks in the grazing
lands of north-eastern Australia?
D. E. AllenA,F, M. J. PringleA, S. BrayB, T. J. HallC, P. O. O’ReagainD, D. PhelpsE,
D. H. CobonC, P. M. BloeschA, and R. C. DalalA
ALandscape Sciences (ESP), Department of Science, Information Technology, Innovation and the Arts,
GPO Box 5078, Brisbane, Qld 4001, Australia.
BAgri-Science Queensland, Department of Agriculture, Fisheries and Forestry, PO Box 6014,
Rockhampton, Qld 4701, Australia.
CScience Engagement, Department of Science, Information Technology, Innovation and the Arts,
PO Box 102, Toowoomba, Qld 4350, Australia.
DAgri-Science Queensland, Department of Agriculture, Fisheries and Forestry, PO Box 976,
Charters Towers, Qld 4820, Australia.
EAgri-Science Queensland, Department of Agriculture, Fisheries and Forestry, PO Box 519,
Longreach, Qld 4730, Australia.
FCorresponding author. Email: Diane.Allen@science.dsitia.qld.gov.au
Abstract. This study aimed to unravel the effects of climate, topography, soil, and grazing management on soil
organic carbon (SOC) stocks in the grazing lands of north-eastern Australia. We sampled for SOC stocks at 98 sites from 18
grazing properties across Queensland, Australia. These samples covered four nominal grazing management classes
(Continuous, Rotational, Cell, and Exclosure), eight broad soil types, and a strong tropical to subtropical climatic gradient.
Temperature and vapour-pressure deficit explained >80% of the variability of SOC stocks at cumulative equivalent
mineral masses nominally representing 0–0.1 and 0–0.3m depths. Once detrended of climatic effects, SOC stocks were
strongly influenced by total standing dry matter, soil type, and the dominant grass species. At 0–0.3m depth only, there
was a weak negative association between stocking rate and climate-detrended SOC stocks, and Cell grazing was associated
with smaller SOC stocks than Continuous grazing and Exclosure. In future, collection of quantitative information on
stocking intensity, frequency, and duration may help to improve understanding of the effect of grazing management on
SOC stocks. Further exploration of the links between grazing management and above- and below-ground biomass, perhaps
inferred through remote sensing and/or simulation modelling, may assist large-area mapping of SOC stocks in northern
Australia.
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Introduction
Rangelands occupy >80% of Australia’s land area and encompass
a broad range of climate, land use, and geographical conditions
(National Land and Water Resources Audit 2007, cited by Bastin
and ACRIS Management Committee 2008). Recent reviews by
Cook et al. (2010) and Dean et al. (2012a, 2012b) highlight
Australia’s unique rangeland conditions, including: (i) pastoral
production dominated by leasehold corporate pastoralists, with
>55% of Australian rangelands estimated to be managed as
commercial livestock properties; (ii) a widespread occurrence
of savanna fires across northern Australia; (iii) a predominance
of shrubland and woodland, with a minority of scrub, heath, and
herbland; and (iv) large variation in property sizes, from <100 to
>1 000000 ha.
Quantification of soil organic carbon (SOC) stocks in grazing
landscapes is important for their management, since depletion
of SOC stocks is one of the major threats to landscape
sustainability, particularly where inputs such as fertiliser are
not economically feasible. Further, with new opportunities
through ‘carbon offsets’ and carbon-trading initiatives, there
is increasing interest in the quantification of SOC stocks in
Australian rangelands, and how SOC stocks relate to grazing
management.
In a global review of grasslands, Piñeiro et al. (2010) found
that SOC stocks: ‘increased, decreased, or remained unchanged
under contrasting grazing conditions across temperature and
precipitation gradients suggesting that SOC accumulation is
influenced by grazing management in a complex way’. In
Australia, climate, soil and vegetation characteristics, fire, and
grazing management have been identified as affecting northern
rangeland carbon stocks (for examples, see Cook et al. 2010;
Witt et al. 2011; Pringle et al. 2011; Dean et al. 2012a).
Quantification of the spatial variability of SOC stocks and
factors associated with SOC cycling is needed to assist
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simulation modelling of the impacts of grazing management
(Liu et al. 2011; Dean et al. 2012b), since measured data for
longer term (decadal and older) experimental sites in Australian
rangelands are limited.
The aim of this study was to investigate the effects of
climate, topography, soil, and grazing management on the
variability of SOC stocks in the rangelands of Queensland,
Australia. This extensive land use occupies ~80% (~138Mha)
of Queensland’s land area and comprises ~28.4% of the total
area of rangelands in Australia (Australian Government
Department of Sustainability, Environment, Water, Population
and Communities 2013). In particular, we considered the two
questions: what is the range of SOC stock values at depth
intervals of 0–0.1 and 0–0.3m in the soil profile; and across
a regional climatic gradient, what aspects of grazing
management (if any) are associated with SOC stocks?
Materials and methods
Site information
Sites from a range of soil types and climatic regions throughout
Queensland, Australia, were considered for this study. The sites
also represented a range of grazing-management strategies,
defined as (Department of Environment and Resource
Management 2011):
* Continuous (or set) stocking. Pastures are grazed most of
the year and rarely, if ever, do the pastures receive a spell
from grazing. Hall et al. (2011) describes ‘continuous’
strategy as being grazed for 9–11 months of the year.
* Rotational grazing. A period of grazing is followed by a
period of rest for the pasture. Depending on pasture growth,
these grazing and rest periods may vary from days to months.
* Cell (or time-controlled) grazing. A form of intensive
rotational grazing where many relatively small paddocks
enable a short grazing period at heavy stocking rates,
followed by a long recovery period.
In addition to the strategies described above, ‘Exclosure’ was
defined as an absence of grazing. Ninety-eight sites across 18
properties were considered suitable for the study (Fig. 1) based
on detailed grazing management history (10 years or the best
available) information including stocking rate, animal size/
weight, grazing duration in paddock, pasture composition, fire


















        Rotational+ ContinuousExclosure Cell
Fig. 1. Locations of the 18 grazing properties sampled in Queensland, Australia. The state boundary of
Queensland is shown as a dashed line. The classes of grazing management present at each property are
indicated according to the legend.
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information (at the scale of the soil and paddock maps) and site
accessibility.
Soil collection
The sampling approach for this study was broadly based on the
recommendation of Pringle et al. (2011). Ten samples were
taken from an area of interest (termed ‘site’ herein), which varied
in size according to the prevailing soil type, described to
Order-level in the Australian Soil Classification (Isbell 2002)
according to best available soil information, and management
unit (e.g. paddock). Samples were spread throughout the site in
a grid design with a random point of origin (de Gruijter et al.
2006). Using a drill-rig fitted with a 0.043-m-diameter push-
tube, a core of soil was taken to at least 0.3m depth, but to 0.5m
where possible, and sectioned at depths of 0–0.1, 0.1–0.2,
0.2–0.3, and (where possible) 0.3–0.5m. Individual samples
were sealed in plastic bags and transported for processing.
Compositing procedure for carbon analysis
The 10 soil profiles (0–0.1, 0.1–0.2, 0.2–0.3m) at a site were re-
examined for similarity of soil type, with the aim of excluding
any obvious outliers before compositing. Identification of
outliers within the soil profiles was determined by a
combination of field-based identification, and principal
component analysis (PCA) of the combined mid-infrared
spectra of the 0–0.1 and 0.3–0.5m depth intervals.
Infrared spectra of the soil samples were measured using
diffuse reflectance infrared Fourier transform spectroscopy
(DRIFTS). Soil samples were air-dried to 408C and sieved to
<2mm, then a subsample of the <2-mm soil was ground to
0.5mm before infrared analysis. A PerkinElmer Spectrum
One Fourier transform mid-infrared (FT-IR) spectrometer
(PerkinElmer, Wellesley, MA) equipped with a PIKE
Technologies Automated Diffuse Reflectance Accessory
(PIKE Technologies, Madison, WI) was used to measure the
infrared spectra. Scans were taken at 2 cm–1 intervals in the
wavenumber range 7800–450 cm–1 (1.28–22mm). The final
spectrum for each sample was an average of 60 scans.
Spectra were expressed in absorbance units [log(1/
reflectance)]. Background reference scans (average of 240
scans) were performed on a silicon carbide disc, assumed to
have a reflectivity of 1 (100%).
The mid-infrared region (4000–450 cm–1) was used for the
PCA. The baseline of each spectrum was removed by
subtracting a convex hull fitted to the spectrum, and the
spectra of the 0–0.1 and 0.3–0.5m depths for each profile
were combined to increase the soil-type discrimination
(Viscarra Rossel and Webster 2011). The PCA (mean-
centred) was carried out on the combined spectra, and those
components that described 99% of the data were retained. A
two-dimensional representation of the multidimensional space
was obtained using Sammon mapping, which is the best two-
dimensional representation of distances between objects that
occur in multidimensional space (Sammon 1969). Soil profiles
that were obvious outliers were detected visually in the
Sammon map, with any obvious outliers identified through
this process discarded from the compositing process.
Remaining profiles were composited on their depth intervals
(0–0.1, 0.1–0.2, 0.2–0.3m), in proportion to their bulk
densities, to produce a single composite profile (0–0.1,
0.1–0.2, 0.2–0.3m) for carbon analysis.
Determination of carbon concentration
Composite samples to 0.3m depth were transported to CSIRO
Land and Water – Waite Campus, Glen Osmond, South
Australia, for measurement of SOC concentration by dry
combustion (see Baldock et al. 2013, this issue). Briefly, a
10-mg subsample was selected from each of the composite
samples and finely ground using a using a Retsch MM400
Mixer Mill (RETSCH GmbH, Haan, Germany). Prior to
organic carbon analysis, all samples were tested for the
presence of inorganic carbon using 1M HCl and a visual
assessment for effervescence, whereby: (i) samples showing
positive response (effervescence) were pre-treated with H2SO3
(1mL H2SO3 applied to 0.8 g soil placed in nickel-lined ceramic
LECO boats set on a hot-plate at 1008C) then analysed by high
temperature combustion (LECOC-144); or (ii) samples showing
a negative response (no effervescence) were analysed by high
temperature combustion (LECO CNS2000) (LECO
Corporation, St. Joseph, MI).
Determination of bulk density
Bulk density was determined on a subsample of the individual
samples by dividing the oven-dry soil weight of the sample
(dried for 3 days at 1058C; Linn and Doran 1984) by the volume
of the soil core for the depth interval of interest. Since a
composite soil sample was used to measure carbon
concentration, we averaged (i) bulk density at each depth
interval within a site, and (ii) the mass fraction of gravel
(2mm) observed. These averages are herein denoted rb,obs
and pg, respectively. Quantification of rb,obs was complicated by
the fact that, for sites where the Vertosol Soil Order (Isbell 2002)
occurs, the soil expands and contracts depending on its moisture
content. To account for this we standardised rb,obs for Vertosol
to the bulk density at field capacity (denoted herein as rb,FC) by
minimising a model of three-dimensional swelling (Yule 1984):
rb;obs  rb;FC 1 rb;FC g;FC  g;obs
 1=3n o
 ¼ 0 ð1Þ
where qg,FC was the gravimetric moisture content of the soil at
field capacity, and qg,obs was the gravimetric moisture content
at the time of sampling, determined at 1058C according to Linn
and Doran (1984). We assumed qg,FC = 0.36 g g–1, which in our
experience is a reasonable value for grey Vertosol soil that
predominately occurs in the rangelands of north-eastern
Australia. Results of the minimisation were constrained to the
interval 1< rb,FC< 1.7Mgm–3. For Soil Orders other than
Vertosol rb,FC = rb,obs.
Calculation of SOC stocks













where, for the ith of n discrete layers in the profile, D was
thickness of the layer (m); Ĉi was an estimate of SOC
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concentration measured directly by dry combustion (mg g–1) for
the layer; r̂b;FC;i was an estimate of bulk density at field
capacity (rb,FC); p̂g;i was an estimate of pg (unitless); and
10 000 was a conversion factor. See below for how n was
defined. Note that Eqn 2 differs from the method of Pringle
et al. (2011), who accounted explicitly for the carbon
concentrations of the gravel fraction and Fe-Mn concretions
in their estimates of Cs; in practice, we have found that the
difference between the two methods is negligible (M. J. Pringle,
unpubl. data). The estimates Ĉi, r̂b;FC;i, and p̂g;i were obtained by
disaggregating the respective depth functions of Ĉ, pb,FC, and pg
at D = 0.01-m increments in each profile to the maximum
sampling depth, using the mass-preserving spline (Bishop
et al. 1999; Malone et al. 2009) with smoothness parameter
held constant at 0.01.
To define n in Eqn 2 we followed the method of Pringle
et al. (2011). First, the spline predictions r̂b;FC; were used to find
the location with the smallest cumulative soil mass, Md,min, at
depths d = (0.1m,0.3m). Then n for each sampled location was
taken as the number of 0.01-m increments between the soil
surface and the depth where Md,min was reached. The effect
of this procedure was that Cs related to the mass-based
(‘material’)—rather than depth-based (‘geographic’)—
coordinate system that is favoured for soil carbon inventory
(Gifford and Roderick 2003; McBratney and Minasny 2010),
nominally representing 0–0.1 and 0–0.3m depth.
Explanatory variables
Based on site-selection criteria, there were 25 explanatory
variables to consider (Table 1). Climatic data (Jeffrey et al.
2001) and topographic attributes (Speight 2008) were provided
by CSIRO Land and Water – Waite Campus, Glen Osmond,
South Australia. Clay and silt content of the composite samples
was measured by the hydrometer method (Rayment and
Higginson 1992); pH and electrical conductivity (1 : 5 water)
of the composite samples were measured according to Rayment
and Higginson (1992). Measured nitrogen data, an obvious
explanatory variable, were unavailable for inclusion in this
analysis due to the analytical instrumentation used to analyse
SOC in this study (see Baldock et al. 2013, this issue). Grazing
management information—grazing management class, total
standing dry matter (TSDM), stocking rate—was obtained
(directly, where possible, or similarly classified) from Hall
et al. (2011). The TSDM at Exclosure sites was estimated
using GRASP model data (Rickert et al. 2000) and reflects
production potential rather than actual growth as a result of
grazing activity. Variables were allocated to one of four groups
(Climate, Topography, Soil, or Grazing Management;
Table 1). Inside each group, variables were ranked by their
preference of use. Rank was influenced by our perception of how
the variables might influence SOC stocks, their certainty, and
spatial density. Note that the three climate-related variables in
Table 1 are 5-year averages. Longer term climatic information
Table 1. Pool of explanatory variables used to examine the variability of SOC stock
Variables were ranked within a group according to the preference of use, decided subjectively by the authors. Values taken by each variable are classified as
either categorical (Categ.) or continuous (Cont.). AE, Animal equivalent, which, in northern rangelands, is generally defined as intake relative to a 450-kg steer
at liveweight maintenance; classes of domGrass: Native Perennial, Exotic Buffel, or Exotic Other; classes of distWat: <1, 1–2, or 2–3 km; classes of anSupp:
(i) no supplement, (ii) application of urea in dry season (or any time in drought), (iii) phosphorus in wet season (any year), or (iv) both urea and
phosphorus applied
Group Rank Name Description Unit Value
Soil 1 soilOrder Order of the Australian Soil Classification (Table 2) – Categ.
2 clay Clay contentA % Cont.
3 pH pH(1 : 5 water)A – Cont.
4 silt Silt contentA % Cont.
5 EC Electrical conductivity (1 : 5 water)A dS m–1 Cont.
Grazing management 1 grazMan Class of grazing management (Table 2) – Categ.
2 sRate Average stocking rate, 2001–10 ha per AE Cont.
3 sumTSDM Sum of total standing dry matter, 2005–09 kg ha–1 Cont.
4 meanTSDM Mean of total standing dry matter, 2005–09 kg ha–1 Cont.
5 sigTSDM Variance of total standing dry matter, 2005–09 (kg ha–1)2 Cont.
6 nFire Number of fires since 2001 Count Cont.
7 domGrass Class of dominant perennial grass – Categ.
8 distWat Class of average distance to water – Categ.
9 anSupp Class of animal supplement used – Categ.
ClimateB 1 rain5 Mean annual rainfall, 2006–10 mm Cont.
2 temp5 Mean annual daily temperature, 2006–10 8C Cont.
3 VPD5 Mean annual vapour pressure deficit, 2006–10 kPa Cont.
TopographyC 1 slope Inclination of the land surface from the horizontal % Cont.
2 FM300slope Median slope within a 300-m radius % Cont.
3 TWI Topographic wetness index – Cont.
4 FR300elev Range of elevation within a 300-m radius m Cont.
5 planCurv Plan curvature – Cont.
6 profCurv Profile curvature – Cont.
7 asp Direction the slope faces Degrees Cont.
8 slopeRel Class of slope-relief – Categ.
ARayment and Higginson (1992). BJeffrey et al. (2001). CSpeight (2008).
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was available, in the form of 30-year averages, but this
information was not used because preliminary analysis
revealed that the length of the time-period had negligible
effect on the modelling outcomes that are described below.
Within each of the four groups of explanatory variables in
Table 1, redundant information was identified. For pairs of
variables within a group, we computed either (i) the rank
correlation coefficient (rs) for pairs of continuous explanatory
variables; or (ii) Cohen’s index-of-agreement (k) (Cohen 1960),
a statistic analogous to a correlation coefficient to assess inter-
rater agreement for pairs of categorical variables. A rank
correlation of rs >0.9 and an index of agreement of k >0.8
were subjectively identified as ‘very strong’ and used for
inclusion in analysis.
Statistical modelling
Unless otherwise stated, all analysis described herein was done
with aid of the R statistical software (R Core Team 2013). We
transformed SOC stocks to natural logarithms to stabilise
variance. The transformed data are denoted log(Cs).
A random forest (Breiman 2001) was used to efficiently
identify the subset of non-redundant explanatory variables that
had the greatest effect on the variability of SOC stocks. The
response variable of the random forest was log(Cs) at either
0–0.1 or 0–0.3m. A random forest is similar to a regression
tree, except that many trees are grown, and an ensemble
prediction of the response variable is obtained. Features of
the random forest that make it attractive for this study include:
(i) it deals implicitly with non-linearity and interactions, (ii)
it caters for both continuous and categorical explanatory
variables, and (iii) it can quickly estimate the relative
importance of each explanatory variable to the response
variable. The last is done by shuffling the values of each
explanatory variable in turn, which induces noise in the dataset.
Those explanatory variables with the greatest importance to the
model are those that, upon shuffling, decrease most the
accuracy of the model, which is tracked with an internal
measure of mean squared error (MSE) (Breiman 2001).
Importances fluctuate slightly between runs of the random
forest, so a robust ranking was obtained by running the
algorithm 100 times for each nominal depth interval.
The random-forest importances suggested that climate was
the dominant influence on variability in log(Cs). With this in
mind we fitted the following generalised additive model (GAM)
(Hastie and Tibshirani 1990) to SOC stocks at both depth
intervals:
logðCsÞ ¼ f temp5;VPD5ð Þ þ "GAM ð3Þ
where the explanatory variables are named as in Table 1, f()
denotes a cubic regression spline applied to the pair of climate-
related explanatory variables, and eGAM is the model residual.
A cubic regression spline is a set of cubic polynomials, joined
end-to-end to form a ‘wiggly’ function (an accepted term in the
spline-fitting literature). Detailed mathematics behind the
fitting of a GAM is given in Hastie and Tibshirani (1990)
and Wood (2008). The fitting procedure uses a generalised
cross-validation statistic to optimise the balance between
function wiggliness and goodness-of-fit. In the interest of
parsimony, wiggliness must be minimised. By incorporating
the pair of climate-related explanatory variables into a single
spline, the interaction—which we expected to be strong—was
implicitly considered.
The next step was to examine whether eGAM, which
represented log(Cs) detrended of climatic effects, could be
related to grazing management and the other explanatory
variables identified as important by the random forest. With
the aid of in-house software, the following linear mixed model
(LMM) (Pringle et al. 2011) was fitted:
"GAM ¼ sumTSDM þ sigTSDM þ FM300slope
þ sRateþ soilOrder þ domGrass
þ grazManþ "LMM
ð4Þ
where the first seven terms on the right-hand side represent the
‘fixed’ effects of the model, and eLMM represents the random
effects. The latter was assumed to be a realisation of a zero-
mean, second-order stationary random function, parameterised
by an exponential variogram (Webster and Oliver 2001). The
LMM was fitted by maximising the residual log-likelihood
function (lR), by simulated annealing (Lark and Cullis 2004).
Welham and Thompson (1997) proposed a statistic, D, to test
a null hypothesis that particular fixed effects in the LMM are
zero:
D ¼ 2 lR;full  lR;nested
  ð5Þ
where lR,full is the residual log-likelihood of Eqn 4, and lR,nested
is the residual log-likelihood of Eqn 4 when one or more of
the fixed effects has been set to zero. Equation 5 is a likelihood
ratio for the null hypothesis on the fixed effects, which is
approximated by a chi-square distribution, with degrees-of-
freedom equivalent to the number of fixed effects that were
set to zero. Note that our intention with the LMMwas to explain
the main effects of the explanatory variables only, not their
interactions, with particular emphasis on the role of variable
grazMan (grazing management).
Results
Soil organic carbon stocks
A large proportion of the soils sampled had pH >7.0
(Table 2) and showed a positive response to 1 M HCl
effervescence test; therefore, most samples required H2SO3
pre-treatment for determination of % organic carbon by
combustion. The range of values for observed Cs across all
grazing types at a (nominal) depth of 0–0.3m was
4.8–83.7Mg ha–1, with a mean of 28.7Mgha–1 (Table 2). At
a (nominal) depth of 0–0.1m the range was 1.6–33.8Mg ha–1,
with a mean of 11.6Mg ha–1 (data not shown). Note that the Cs
values reported in Table 2 represent raw means and ranges of
the observed data; formal statistical analysis was required to
deal with the apparent positive skew and confounding by a
strong climatic gradient. We dealt with these effects by: (i)
transforming data to natural logarithms to minimise skew
(Fig. 2); and, (ii) using a GAM (reported below) to detrend
for climatic effects.
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Influence of the explanatory variables on soil
organic carbon stocks
Following the search for redundancy in the explanatory
variables, 23 variables were retained for further analysis. The
two redundant variables were meanTSDM and FR300elev.
According to the ranked importances returned by the random
forest (Fig. 3), at both 0–0.1 and 0–0.3m we considered nine
common variables to be influential on log(Cs) (from
Table 1): temp5, VPD5, sumTSDM, rain5, FM300slope,
sigTSDM, sRate, soilOrder, and domGrass. That two of the
first three explanatory variables were related to climate
suggested the presence of a strong regional trend. The
consistently least important variables related to topographic
curvature. The categorical variable grazMan was at the lower
end of importance, which reflects either: (i) the large amount
of fuzziness in the definitions and practical application of
‘Continuous’, ‘Rotational’, and ‘Cell’ grazing management,
including their interaction with stocking rate and impact on
vegetation productivity and land condition; or (ii) that soil
organic carbon responds strongly to climate and soil type
irrespective of the grazing management system.
On the basis of the above importances, we initially tried to fit
Eqn 3 as f(temp5,VPD5,rain5), but there were too few data to
support such a complex model. We therefore sacrificed rain5,
which, contrary to our ranking (Table 1), was actually the least
important of the three climatic variables. Fitting diagnostics for
Eqn 3 (not shown) revealed that f(temp5,VPD5) was strongly
significant (P< 0.001) at each depth interval. At 0–0.1m depth,
84% of the variability of log(Cs) was explained; at 0–0.3m
depth 87% was explained. The predicted surfaces of log(Cs) for
f(temp5,VPD5) are shown in Fig. 4. Note that the climatic
variables have relatively few unique values because their
spatial resolution is 5 km. For 0–0.1m depth (Fig. 4a), the
surface was strongly non-linear, with the largest values of log
(Cs) occurring where temp5 and VPD5 were relatively small.
This was expected because relatively cool and wet environments
Table 2. Site information and soil parameters (average with range in parentheses) at 0–0.3m soil depth for the grazing management sites










































































AMeasured according to Rayment and Higginson (1992) for 0–30 cm soil depth.
BMeasured by dry combustion according to Baldock et al. (2013, this issue).
















0 1.5 2.5 3.5 4.51 2 3 4
Fig. 2. Histograms of log-transformed SOC stock (log(Cs); Cs originally as Mgha
–1). Note that
the depth intervals are only nominal because SOC was computed on the basis of equivalent soil
mineral mass.
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tend to accumulate (or possibly lose more slowly) SOC
compared with hot and dry environments (Wynn et al. 2006).
For 0–0.3m depth, the surface of f(temp5,VPD5) (Fig. 4b) was
more variable than for the 0–0.1m depth, but the pattern of the
trend was similar.
Parameter values for the fixed effects of the LMM and the
outcomes of the hypothesis testing are shown in Table 3. The
latter revealed that sumTSDM, soilOrder, and domGrass
strongly affected eGAM at both depth intervals. Table 3 shows
that sumTSDM had a positive effect on eGAM at both depths, as
expected. The reference classes for soilOrder and domGrass,
which were implied in the model intercept, were ‘Vertosol’ and
‘Native Perennial’, respectively. Without resorting to further
pairwise testing, it was clear that the class ‘Hydrosol’ was
0 5 10 15 20
Increase in MSE (%)
0 5 10 15 20























Fig. 3. Relative importance of the explanatory variables to the variation of SOC stocks at (nominal)
depth intervals of 0–0.1 and 0–0.3m. The whiskers of the box-and-whisker plots denote data extremes.
MSE, Mean squared error. Importance decreases down the plot.
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Fig. 4. From the generalised additive model in Eqn 3, these plots are the predictions of f(temp5,VPD5) for
log-transformed SOC stock (log(Cs); Cs originally as Mgha
–1) at: (a) 0–0.1m (nominal) depth, and (b)
0–0.3m (nominal) depth. Observations are shown as black dots. White space indicates a part of the surface
considered too far from an observation to be a reliable prediction.
SOC stocks in north-eastern Australian grazing lands Soil Research 701
associated with strongly above-average values of eGAM. Again,
this was an expected result, because wet soil tends to accumulate
(or lose more slowly) SOC. The dominant grass category
domGrass ‘Exotic other’ (defined as >25% of the site
comprising exotic grass species Bothriochloa pertusa and
Urochloa sp.) was associated with strongly below-average
values of eGAM. Grazing management, in the form either
sRate or grazMan, had no effect on eGAM at 0–0.1m depth.
At 0–0.3m depth, however, sRate had a small but significant
negative effect on eGAM. There was also a significant difference
in eGAM between Continuous and Cell grazing (where
Continuous>Cell), and between Cell and Exclosure (where
Exclosure >Cell) at 0–0.3m.
Discussion
Average SOC stocks reported in this study are similar to those
reported for Australian tropical and subtropical grazing systems
(Sanjari et al. 2008; Pringle et al. 2011; Witt et al. 2011) and
within the range reported for other grazing lands in Australia
and elsewhere (Derner and Schuman 2007; Chan et al. 2010;
Silver et al. 2010). The dominant influences on SOC stocks
vary according to the spatial scale at which the inventory is
undertaken, although general trends have been identified in the
literature. At a regional to global scale, climatic information
related to moisture or water availability (incorporating
approximated first-order variables such as precipitation,
evapotranspiration, and temperature) appear strongly related
to SOC, with second-order edaphic factors, such as soil
drainage/water retention, highlighting indirectly the effect of
soil texture on SOC at local scales (Wynn et al. 2006; Bui et al.
2009). This is supported in our study, which identified
temperature and vapour pressure deficit (strongly related to
evapotranspiration) as the dominant regional factors
(explaining >80% of the variation in SOC to 0.3m soil
depth), and Hydrosol soil as a strong influence on SOC
stocks at a local scale. In other studies of grazing land,
potential evapotranspiration and precipitation (growing
season, mean annual) have also been identified as important
factors controlling SOC (Bai et al. 2012; Shi et al. 2012).
Various regional-scale studies have assessed the impact of
grazing on SOC stocks along environmental gradients, although
Table 3. Fixed effects of the linear mixed model (Eqn 4) for log-transformed SOC stocks (log(Cs); Cs
originally as Mgha–1), and hypothesis tests on particular fixed effects, denoted by the D statistic (Eqn 5)
d.f., Degrees of freedom; null hypothesis rejected at †P< 0.1, *P< 0.5, **P< 0.01
Parameter log(Cs)
0–0.1m 0–0.3m
(Intercept) –1.76 102 –1.42 103
sumTSDM 8.27 106 5.91 106
sigTSDM 7.38 109 1.59 109
FM300slope –2.22 102 –0.76 102
sRate –3.24 103 –4.14 103
soilOrder_Chromosol –4.54 102 –3.76 102
soilOrder_Dermosol 1.39 102 4.29 102
soilOrder_Hydrosol 5.84 101 6.86 101
soilOrder_Kandosol –0.51 101 –1.24 101
soilOrder_Sodosol 1.38 101 1.45 101
soilOrder_TenosolA 0.72 101 1.46 101
domGrass_Exotic buffel –6.89 102 –2.33 102
domGrass_Exotic other –3.75 101 –3.26 101
grazMan_Cell 1.27 102 –6.27 102
grazMan_Rotational 1.88 102 –3.91 102
grazMan_Exclosure 1.24 102 0.37 102
Null hypothesis d.f. D
0–0.1m 0–0.3m
sumTSDM= 0 1 13.76** 10.57**
sigTSDM= 0 1 0.18 0.01
FM300slope= 0 1 2.27 0.46
sRate= 0 1 2.09 3.49†
soilOrder= 0 6 14.23* 25.64**
domGrass= 0 2 11.85** 13.30**
(grazMan_Continous – grazMan_Cell) = 0 1 0.06 2.77†
(grazMan_Continous – grazMan_Rotational) = 0 1 0.12 0.84
(grazMan_Continous – grazMan_Exclosure) = 0 1 0.06 0.01
(grazMan_Cell – grazMan_Rotational) = 0 1 0.01 0.34
(grazMan_Cell – grazMan_Exclosure) = 0 1 <0.01 2.86†
(grazMan_Rotational – grazMan_Exclosure) = 0 1 0.01 1.08
AA single occurrence of Rudosol in the data was re-allocated to Tenosol, a taxonomically close match, for this
analysis.
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these effects are often inconsistent and difficult to predict
(Derner and Schuman 2007; Piñeiro et al. 2010). Since
identification of grazing management relies on detailed
information regarding stocking density and grazing duration
(often hard to directly obtain), pasture management variables
(e.g. control of vegetation ground coverage and pasture
utilisation rate) are also used to assess grazing intensity
(Manley et al. 1995; Han et al. 2008; Sanjari et al. 2008;
Stahlheber and D’Antonio 2013). In the current study, the
significant reduction in SOC stocks with decreasing pasture
TSDM, and the small but significant decrease in SOC with
increasing ‘stocking rate’ (Table 3) appear to support the general
trend of decreased SOC at higher grazing intensities reported
by others. The effect of grazing intensity and duration (Cell
and Rotational strategies) was less clear; we found that Cell
grazing had slightly but significantly reduced SOC stocks
compared with Exclosure or Continuous grazing (possibly
reflecting grazing intensity), although the overlap of grazing
management strategies and limited information on stocking
density (measured as stock days per ha or total stock days)
restricted a definitive assessment. Other studies report no
significant differences in SOC when comparing time-
controlled and rotationally grazed plots with continuous
grazing (Sanjari et al. 2008; Chan et al. 2010). Chan et al.
(2010) attributed lack of significant differences in SOC stocks
between Continuous and Rotational management practices to
several factors, including: inherent problems associated with
site history information (management history and length of
study); the survey approach, including large field-scale
variability; and the small magnitude of treatment effects
reported.
A range of mechanistic processes—including primary
productivity and species composition, root : shoot allocation
of nutrients, and changes to decomposition and carbon export
through landscape processes—have been associated with the
influence of grazing activity on carbon cycling (Piñeiro et al.
2009; Stahlheber and D’Antonio 2013). These mechanistic
drivers are likely to respond at local and broader spatial
scales, and it has been proposed that the influence of grazing
occurs across a precipitation ‘threshold’, where carbon cycling
is constrained by water availability in semi-arid regions, and
by nutrient availability, particularly nitrogen, in subhumid and
humid regions (Derner and Schuman 2007; Piñeiro et al. 2009).
While our interpretation is constrained by the limited level of
pasture information available in this study, it is possible that
some of these mechanistic effects are captured in our grazing
management variable domGrass (Table 1), with domGrass
Exotic Other (consisting of >25% Bothriochloa pertusa and
Urochloa sp.), associated with significantly smaller SOC stocks
than the domGrass Exotic Buffel (>25% Cenchrus ciliaris)
and domGrass Native Grass (>25% native pasture species)
categories (Table 3). Possible explanations for these smaller
SOC stocks include: (i) change in SOC input through decreased
aboveground and root biomass inputs, e.g. a shift from deeper
rooting tufted species to weakly tufted roots spreading at nodes;
(ii) short- and/or long-term changes in microbial turnover and
decomposition of soil organic matter or ‘priming effects’
(Blagodatskaya and Kuzyakov 2008; Zhang et al. 2013); or
(iii) that the result reflects previous change in SOC stocks due to
previous land-use history and climate (e.g. poor land condition,
erosion, and drought).
Interpretation of management effects on SOC stocks
identified in this study should be treated with caution, since
SOC stocks were determined by one-off sampling of sites and
were not directly repeated-measurement of sites over time.
Identification of the effects of grazing management in this
study was restricted by the statistical power of the composite
samples, and was also constrained by the spatial support of
covariate data used in the GAM. Since there is a lack of baseline
data to enable direct comparison of change over time, we
consider the spatial variability of SOC stocks using the GAM
to identify trends in management consistent throughout the
landscape, and assume that a minimum of 10 years is an
adequate period to enable detection of significant changes in
SOC stocks in response to grazing management. Dean et al.
(2012a) note that substituting space-for-time can be inferior to
long-term experimental sites, since the former approach needs to
take into account spatial heterogeneity, appropriate site-pairing,
and interconnections for SOC in time.
We also acknowledge that SOC stocks and grazing
management may interact with longer range climate, e.g.
extended drought, and it is possible that realisation of
detectable differences may occur over longer periods than the
time-frame identified in this study. Inclusion of a measure of
climatic variability, in addition to the climatic averages used
within this study, might influence the GAM, e.g. inclusion of
rainfall variability and its relationship with ‘effective’ rainfall
may have associated impacts on plant growth (and organic
matter input). The GAM implemented in this study assumes
uncorrelated model residuals, and this subsequently confers an
(unquantified) bias on the LMM. Implementation of a GAM in a
‘mixed’ form, as a way to minimise bias, has been proposed (see
Kammann and Wand 2003) and is a topic for future research;
alternatively, the scale issues we have encountered suggest a role
for Bayesian hierarchical models (Gelman et al. 2004).
The explanatory power of environmental and grazing-
management factors in relation to SOC stocks in the north-
eastern Australian rangelands may be strengthened in the
following ways:
(1) Through incorporation of quantitative information to
support classification of the grazing-management
continuum. In some regions, nominal Rotational and Cell
grazing strategies overlap, with Continuous grazing loosely
adopted and/or integrated with wet-season spelling (e.g.
Chan et al. 2010). In practice, the Cell grazing strategy is
a more intensive form of the Rotational strategy, whereas
some Continuous systems incorporate extensive rest
periods. Grazing management information relating to
stocking density (stocking rate, total graze days,
stock days per ha, reported as agreed standard units) may
be more informative for SOC stocks, whereas nominal
grazing management classes (used to stratify land use)
risk masking potential trends.
(2) Long-term replicated trials, with sampling occurring across
at least two periods, would assist assessment of change of
SOC stocks; further, exploration of the humus and
particulate SOC composition of these samples may
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provide insights about SOC turnover periods and
incorporation into more stable SOC pools (Han et al.
2008; Wynn and Bird 2008; Klumpp et al. 2009).
(3) In the absence of measured nitrogen data, a sensitivity
analysis could be undertaken to indicate whether nitrogen
could have changed the outcome reported in this study and
to assist in defining future research needs.
(4) Through geo-referenced archiving of individual soil
samples, for comparison of management treatments at the
property level, and to support continued study of spatial
and temporal variability of SOC. Access to archived soils
is beneficial for accounting and prediction of SOC change,
including development of scenario models assessing the
interactions between climate, land management, and soil
carbon, e.g. component models within FullCAM, used to
construct Australia’s national greenhouse gas emissions
account for the land sector (Richards and Evans 2000;
Hill et al. 2006; Biggs and Grundy 2010; Sanderman and
Baldock 2010).
(5) Remote sensing offers a promising way to improve the
spatial representation of SOC stocks (Pringle 2013).
Further, remote sensing derived information on below-
ground biomass would assist biophysical, process-based
and carbon-accounting models such as AussieGRASS
(Carter et al. 2000) and FullCAM (Richards and Evans
2000).
Conclusion
From a large pool of explanatory variables (related to grazing
management, climate, soil, and topography), SOC stocks in the
north-eastern Australian grazing lands were strongly (and non-
linearly) affected by temperature and vapour pressure deficit.
Following detrending for the climate effects, we found a strong
influence of total standing drymatter, soil type, and the dominant
grass species on SOC stocks. The influence of grazing
management was less easy to determine; a small negative
influence of stocking rate on SOC stocks was detected, while
SOC stocks were slightly lower in Cell grazing than in other
nominal grazing strategies (Rotation, Continuous, and
Exclosure). This may be due to several reasons: the small
number of samples due to compositing; the ‘fuzziness’ of the
grazing management classes; and the limited information
available on grazing frequency and intensity (e.g. in the form
of stock days per ha or total graze days). Further work is required
to describe the relationship between management parameters
and SOC stocks with confidence across the north-eastern
Australian grazing lands. A key challenge will be to ensure
background response(s) to climate variability and inherent soil
properties are taken into account.
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